Different theories of price stickiness have distinct implications on the properties of the distribution of price changes. One of those characteristics is the number of modes in the distribution. We formally test for the number of modes in the price change distribution of 32 supermarkets, spanning 23 countries and 5 continents. We present results for three modality tests: the two best-known tests in the statistical literature, Hartigan's Dip and Silverman's Bandwith, and a test designed in this paper, called the Proportional Mass test (PM). Three main results are uncovered. First, when the traditional tests are used, the unimodality around zero is rejected in about 90 percent of the establishments. When we used the PM test, which is more conservative than the first two, we still reject unimodality in two thirds of the supermarkets. There is significant heterogeneity across countries: the US, UK and Uruguay are the most "unimodal" while the other countries in the sample exhibit significant bi-modality. Second, if we center the PM test on the largest mode -as opposed to zero -we have few rejections of unimodality. Finally, the rejection of unimodality changes through time and with the level of inflation. In countries where there is large inflation the distribution is unimodal around a positive value. In those countries when the inflation drops -which happened almost everywhere during the recent financial recession -unimodality at zero starts to disappear again. These results offer new stylized facts that theoretical models of price stickiness need to match. We perform a simple simulation exercise at the end using the model by Alvarez, Lippi, and Paciello (2010) and applying our PM test of unimodality to the model's distributions. * We are grateful to Alberto Alesina, Greg Mankiw, Emmanuel Farhi, and seminar participants at Harvard, MIT, BLS, ITAM, Oxford, Queen's University at Belfast, and the Central Bank of Norway for helpful comments and suggestions. †
Introduction
With the availability of the individual prices underlying the construction of the CPIs from several developed countries, the micro-pricing literature in macroeconomics has become one of the most active areas of research in recent years.
1 One of the main stylized facts uncovered by this literature is that the distribution of price changes (conditional on a change) is close to a unimodal centered at zero percent, with a large share of small price changes. This finding has also been shown to hold in scanner datasets from retailers in the US.
2
This result is important because the different theories of price stickiness have direct implications on the form of the distribution of price changes. For example, the standard state-dependent model, such as Golosov and Lucas (2007) , predicts that the distribution of price changes should be bimodal, with very little mass near zero. The intuition is that small deviations from the optimal price are less costly than the adjustment cost and therefore those changes should be infrequent. By contrast, time-dependent models of price stickiness -such as the classical Calvo (1983) model -imply that the distribution of price changes should inherit the same properties of the distribution of cost changes, and in low inflation setting such costs will tend to have a unimodal shape centered around zero.
3 A third kind of models combines elements of time and state-dependent pricing, giving rise to a variety of distributions whose shape depends on the relative importance of observation and adjustment costs.
Examples include Woodford (2009) and Alvarez, Lippi, and Paciello (2010) . Surprisingly, even though the shape of the distribution plays a crucial role in distinguishing the different theories of price stickiness, no paper has formally evaluated the number of modes.
In this paper, we test for modality using three statistical tests and a new dataset that covers many countries and retailers. We go beyond the graphical analyzes performed in the literature and develop a new test methodology which can be scaled to test for modality in multiple countries and sectors.
4
The data include individual-product prices in 37 supermarkets across 23 countries and 5 continents. They were collected by the Billion Prices Project (BPP) at MIT Sloan using a scraping software that records, on a daily basis, the price information for all goods sold by supermarkets with online shopping platforms.
5 These prices were collected between October 2007 and February 2010, and although there are different starting dates for each supermarket, in all cases we have at least one year of data. On average, for each retailer we have 571 days of data, 20 thousand individual products, with 5 million price observations and 100 thousand price changes.
The scraped dataset has several advantages. First, we collect prices every day, as opposed to once a month (or two months) like most prices used in the CPI. The daily data reduce the sampling biases that are associated with low frequency prices. Second, we collect the full array of products sold by each retailer and therefore do not have forced item substitutions, nor need to rely on hedonics or other imputation procedures to compute prices -as it occurs in some of the items underlying the CPI. Third, there are no adjustments for product discontinuations and technological improvements because these are rare in supermarket goods. Finally, we collect posted prices as opposed to unit values. In most scanner's data, prices are unit values computed as the ratio between total sales and total quantity sold at given frequencies (usually every week). Even if they were available on a daily basis, unit values can experience small fluctuations due to different intensities in the use of loyalty cards, coupons, and quantity discounts which can introduce small price changes that are unrelated to the actual posted price change.
6
The first part of our analysis uses the two best-know tests for unimodality available in the statistical literature: Hartigan's Dip and Silverman's Bandwidth. These tests are intuitive, easy to compute, and statistically very powerful. This last characteristic is, in fact, a limitation for our purposes. We find that Hartigan's Dip rejects unimodality in 36 out of 37 supermarkets, while Silverman's test rejects the null of unimodality in 33 of those supermarkets. The reason for this rejection is that these tests are too sensitive to even tiny bumps in the distribution, some of which may not be economically meaningful.
7 Our goal in this paper is to reject unimodality only when the distribution exhibits additional modes that are sufficiently large -as opposed to a small jolt in the distribution. A second important limitation of both tests is that they are not designed to measure modality around a specific value, like zero percent.
To deal with these limitations we develop a new test called the Proportional Mass (PM) test. It is designed to find unimodality around specific value of the distribution, like zero 5 For an introduction to Scraped Data, see Cavallo (2010) 6 From the inflation calculation point of view, scanner data could have an advantage over the data we use. This would be the case if there are frequent changes in the use of discounts or other aspects of consumers demand, which are an important part of the welfare calculations of inflation that our data misses.
7 In fact, when we apply Silverman's test to a null of bimodality -with an alternative hypothesis of more than two modes -it still rejects it for 14 supermarkets. percent or the largest mode, and to allow for small modes in the distribution as part of the null-hypothesis. The test first computes the mass of price changes smaller than certain bounds in absolute terms (for example, at 1% and 5% from the center). In an unimodal distribution, the mass in the small interval is larger than the proportional (per unit) mass in the larger interval. In the bimodal distribution (with two significantly large modes away from the center) the opposite occurs. This is a more conservative test because it requires the different modes to be of relatively similar importance in order to affect the results. A distribution with one large mode and a series of smaller bumps will exhibit a similar proportional mass than a purely unimodal distribution. The intuition is simple: the test is not rejected for a multimodal distribution if the masses of the smaller modes can be rearranged to form a unimodal distribution with the same proportional mass.
One possible source of concern in our test is the fact that sales can produce modes in the distribution that would lead us to reject unimodality. For example, imagine that the company does frequent temporary sales of 10 percent. In this case, the distribution of price changes will have symmetric modes around the negative and positive values of -10 and 10. In order to deal with this problem we focus our modality analysis in the -5 to +5 percent price change window, because reported and unreported sales smaller than 5 percent are rare. In addition, we expect adjustment costs that create any bimodality to have their largest impact within this range of values.
8
Three results are worth highlighting. First, in most supermarkets (2/3) we reject unimodality around zero percent. This provides evidence of adjustment costs in price setting decisions. Second, we find less rejection of unimodality when we center the test around the largest mode, which is typically away from zero. The existance of large modes away from zero is consistent with the effects of inflation (or even deflation), which moves the mass of price changes away from zero in both time-dependent or state-dependent models. Third, we find that unimodality away from zero disappears over time in countries with falling inflation rates. When inflation falls, the two theories of price stickiness have different predictions. A time dependent model would imply that the distribution is unimodal around the average inflation, and therefore, the degree of unimodality should not change through time, only the location of its mode. A state dependent model, on the other hand, implies that when inflation is large the distribution only exhibits one large mode, but when inflation comes down the distribution it becomes bimodal around zero percent. This is precisely what we find in this data.
The first result, i.e. the lack of unimodality at zero percent, is at odds with the existing literature based on CPI and scanner dataset. We explore possible explanations to reconcile the differences. We find two reasons for the discrepancies with scanner data findings. First, scanner data tend to have unit values and not actual prices. Stores report the total sales and total quantities per item, and prices are computed as the ratio between these two values. The unit values exhibit changes due to shift in consumer purchase's practices. Consumers might decide to buy with or without coupons, or with or without loyalty cards. Therefore, the unit values change in small proportions due to the randomness in consumer's demand and not because the posted price has indeed shifted. Second, scanner data is usually reported on a weekly basis, so there is also an averaging that takes place through out the week. Although in our data we do not have prices with loyalty cards, we can simulate a weekly averaging or unit value. When we take our data and average the weekly prices, we fail to reject unimodality in 32 out of 37 supermarkets. In other words, the constant-weight weekly average of the prices is enough to create unit values whose changes are sufficiently unimodal so that we fail to reject unimodality. A more challenging task is to reconcile our results with those underlying the CPI data. In the case of the US, our results are not necessarily at odds with the ones found in the CPI data, because 2 out of 3 supermarkets in our sample are indeed unimodal. Still, there are important differences between our results and those found in other countries with monthly CPI data. The differences in sampling frequency do not seem to be the explanation in the CPI data: when we re-sampled our data to replicate the monthly sampling from statistical offices we find weaker results, but not weak enough to reduce the number of rejections of unimodality. The second possibility is the fact that statistical offices sometimes impute missing values with hedonic estimates and average changes for similar goods.
9 , in cases of forced substitutions, discontinuations, and out-of-stock items. 10 Unfortunately we do not have access to the CPI data to determine how common these practices are, and therefore we must leave this important question for future research.
Overall, our results imply a more important role for adjustment costs than previous findings. We do not, however, want to minimize the importance of time-dependent factors. A minority of retailers have unimodality around zero percent, and even the bimodal distributions we find in most countries are largely consistent with models that combine elements of both pricing strategies. To show this, we perform a simple simulation exercise with the model 9 See BLS (2009) 10 From the inflation measurement point of view, the computation of hedonics and the imputation of missing variables using statistical methods is the correct procedure. These practices, however, might lead to a pricing behavior that is not completely reflective of the posted prices by firms by Alvarez, Lippi, and Paciello (2010) . We estimate the PM score from simulated data at various levels of observation and adjustment costs, and show that the typical PM score we obtain in the data is consistent with a model in which time and state dependent behaviors are present. This section also illustrates how the PM test can be used to provide a unique statistic of the modality of the empirical distributions that theoretical models can attempt to match.
The paper is organized as follows: Section 2 describes the data. Section 3 introduces three non-parametric statistical tests of unimodality. Section 4 presents the results of these tests, with evidence rejecting unimodality at zero percent. We also discuss some explanations for the difference in our results with the rest of the literature. Section 5 simulates the Alvarez, Lippi, and Paciello (2010) model for different parameters and computes the PM test for unimodality in the simulated price change distributions. Section6 concludes.
Data: The Billion Prices Project
The data was collected by the Billion Prices Project (BPP) at MIT Sloan. We used a scraping software to record, on a daily basis, the price information for all goods sold by online supermarkets.
The scraping methodology for each retailer works in 3 steps: First, at a given time each day we download all public web-pages where product and price information are shown. These pages are individually retrieved using the same URL or web-address every day. Second, we analyze the underlying code and locate each piece of information that we want to collect. This is done by using custom characters in the code that identify the start and end of each variable, according to the format of that particular page and supermarket. For example, prices are usually shown with a dollar sign in front of them and two decimal digits at the end. This set of characters can be used by the scraping software to identify and record the price every day. Third, we store the scraped variables in a panel database, containing one record per product-day. Along with the price and product characteristics, retailers show an id for each product in the page's code (typically not visible when the page is displayed to the customer), which allows us to uniquely identify each product over time.
11
The retailers included in this paper are detailed in Table 1 . There are 37 supermarkets in 23 countries and 5 continents. Prices were collected on a daily basis between October 2007 and February 2010, with different starting dates for each supermarket. In all cases, we 11 For more on the scraping methodology, see Cavallo (2010) and www.billionpricesproject.org have at least one year of data, with a mean per retailer of 571 days, 20 thousand individual products, 5 million daily observations and 100 thousand price changes.
[ Table 1 about here]
The availability of daily prices and information for every single product sold by each supermarket greatly expands the number of data points available. At the same time, such high-frequency data collection causes frequent gaps in individual price series. These gaps are mostly due to failures in the scraping procedure (for example, when the format of a website changes or one of our server machines crashes) or lack of stock in seasonal items. Scrapingrelated failures are typically resolved in a few days by the BPP scraping team, so in these cases gaps tend to last a short period of time. By contrast, gaps caused by seasonal and other out-of-stock items can last several months. The standard treatment of gaps in the literature, which fills missing values with the last recorded price before calculating price changes, can change the distribution of the size of price changes considerably. The effect depends on the macroeconomic context. For example, in cases of high inflation, price changes would appear larger, because adjustments are accumulated over time. By contrast, in a context with low inflation but many temporary shocks, two large price changes of opposite magnitudes could appear as one small change. To avoid these complications, in this paper we focus on "consecutive" price changes for which information is directly observed at days t and t-1.
Tests for Unimodality
The standard analysis of unimodality in the the micro-price literature relies on histograms and cummulative frequency plots.
12 Although this is adequate to examine the shape of few distributions, it is sometimes hard to determine when particular modes are large enough to grant a rejection. Additionally, it is difficult to compare across a large number of retailers and countries like those included in this paper, particularly if we want to look at differences in modality across categories and over time.
Our contribution is to formally test for unimodality using three non-parametric statistical 12 See Kashyap (1995) , Klenow and Kryvtsov (2008) , Kackmeister (2007) , Midrigan (2005) and Cavallo (2010) 13 Parametric tests of modality are more common in economics. For example see Paapaa and van Dijk (1998) and Anderson (2004) for methods involving mixing normal distributions and their mass overlaps.
Hartigan's and Silverman's tests are common in the the statistics literature, but have rarely been used in economic applications. One recent exception is Henderson, Parmeter, and Russell (2008) , who use both tests to analyze the distribution of income per capita across countries. These tests are intuitively appealing and simple to compute. They are also statistically powerful, minimizing the probability of making a false acceptance. Unfortunately, this means that they tend to reject unimodality very easily. Another major drawback for our purposes is that in micro-price setting applications we want to know whether the unimodality is centered around a particular value, like zero percent, which cannot be done with these tests.
To address these concerns, we developed a more conservative test, called the Proportional Mass Test (PM), which also makes an explicit assessment of the multi-modality of the distribution centered around a specific value of price changes. Using this test, we ignore small modes in the distribution that may not be economically significantly, while at the same time explore the modality both around zero or at any other point of interest of the distribution. This is important to test some of the predictions of time-dependent and state-dependent sticky-price models.
In this section we discuss the three tests and later present the results in Section 4.
Hartigan's Dip Test
Hartigan's dip test relies on the fact that the cumulative distribution function of a density function f with a single mode at m f is convex on the interval (−∞, m f ) and concave on the interval (m f , ∞).
14 The intuition of this property is very simple. At the right hand side of the mode, the density is non increasing -meaning that its derivate is non-positive. The opposite occurs at the left of the mode.
The Dip statistic measures the departure of an empirical distribution from the best fitting unimodal distibution. The intuition behind the computation of the dip statistic is straightforward. If the empirical distribution has multiple modes, with a cumulative distribution that has several regions of convexity and concavity, then it will be "stretched" until it takes the shape of an unimodal distribution. The larger the stretch needed, the larger the departure from unimodality. If the empirical distribution has a single mode, then the dip statistic will be zero.
Unfortunately, these tests require the ex-ante assumption of a number of clusters or groups and are useful only to reject the null hypothesis of normality, not unimodality. 14 See Hartigan and Hartigan (1985) In Hartigan's method, positive dip values provide evidence to reject the null hypothesis of unimodality. To determine the statistical significance of a positive dip, Hartigan and Hartigan (1985) sets the null hypothesis equal to the uniform distribution, for which, asymptotically, the dip value is stochastically largest among all unimodal distributions.
15 This increases the power of the test, making it more likely to reject the null hypothesis of unimodality.
Silverman's Bandwidth Test
Silverman's Bandwidth or "Bump" test uses kernel smoothing functions to evaluate modality. Given a sample X = (x 1 , x 2 , ..., x n ), a non-parametric kernel estimate of the unknown density function f is given bŷ
where h is the smoothing parameter (or "bandwidth") and K is the Gaussian kernel function. Silverman (1981) showed that the larger smoothing h, the fewer the number of modes inf (x, h). Therefore, for the null hypothesis of unimodality, he proposed the test
This is the minimum smoothing required for the smoothed kernel density to have one mode. Large values ofĥ 1 crit are evidence against the null hypothesis, because larger degrees of smoothing are needed to eliminate additional modes in the density estimate.
The statistical significance ofĥ 1 crit is evaluated using a smoothed bootstrap method.
16 For each bootstrapped sample, we compute the minimum bandwidthĥ 1 * crit required to have one mode and estimate the probabilityP , given bŷ
P gives us a way to know the relative level ofĥ 1 crit . If it is relatively high compared to 15 Hartigan and Hartigan (1985) also show that this is not always the case with small samples. To address this concern, we use a calibration of the dip test proposed by ?, also used by Henderson, Parmeter, and Russell (2008) . 16 The bootstraps are drawn from an smoothed conditional function re-scaled to have a variance equal to the sample variance. See Henderson, Parmeter, and Russell (2008) for details.
the results from the bootstraped samples, thenP will be small and there is stronger evidence against the null hypothesis.
17
This method can be used to test for m modes, and is usually carried out in sequence, starting with one mode and continuing until the test fails to reject the null hypothesis. This is a major advantage of Silverman's approach, because it allows us to test explicitly for bimodality in the size of price changes. In addition, this test is intuitively appealing and easy to compute.
Unfortunately, it also has some weaknesses. First, it is easily affected by outliers in the tails of the distribution. Second, it is sensitive to tiny bumps which lead to frequent rejections of the null hypothesis, especially with large samples. 
Proportional Mass Test
We now propose a more conservative "Proportional Mass Test" that compares the relative mass of the distribution between bounds to determine the degree of unimodality around a centered value.
The test relies on the fact that unimodal distributions have a high proportion of their mass close to the mode. If we take an interval around the mode and make it progressively larger, the mass increases by smaller increments each time. By contrast, in a bimodal distribution the mass increases by larger increments each time. Therefore, the relative size of these additional increments of mass can be used to determine the degree of unimodality in the distribution.
Consider the case where the distribution is unimodal centered at zero percent, as illustrated in Figure 1 . The mass between -1% and 1% should be larger than the mass between -5 and 5 per unit, that is,
The proportional mass between i = 1 and j = 5 is thus given by
17 Because the number of modes is non-increasing with h,P is equivalent to the share of bootstraps that have more than one mode when evaluated with bandwidthĥ 1 crit . We use this approach to estimateP , also called the achieved significance level in the bootstrap literature, because it is easier to compute.
18 These problems are derived from the use of a single bandwidth in the kernel smoothing estimates.
This ratio is positive when the distribution is unimodal around zero.
19 By contrast, when the distribution is strictly bimodal around zero, P M This ensures that minor bumps in the distribution will not cause a rejection of unimodality.
The ratio is generalized to incorporate information from different intervals and compute the Proportional Mass Score around zero, given by
where Z is the set of all combination ij such that i < j.
The same logic applies when we want to test the degree of unimodality around a mode m, with P M m given by
In our computations, we consider the intervals i, j ∈ {1, 2.5, 5}, but we also test the robustness of our results to changes in these intervals. Future research should solve the optimal bandwidth in the Proportional Mass test, which is beyond the scope of the present paper.
The null hypothesis is that the PM score is positive (i.e. unimodal distribution), and the statistical significance is evaluated using bootstrapped samples from the data and calculating the share with positive PM scores. The lower the share of bootstraps with positive PM scores, the stronger the rejection of unimodality.
Results

Rejection of Unimodality at 0%
We first run Hartigan's Dip test in all supermarkets. The first two columns in Table 3 show the dip statistics and p-values for the null hypothesis of unimodality. example, the lowest dips belong to AUSTRALIA-4, NETHERLANDS-1, UK-1, UK-2, UK-3, and COLOMBIA-1. These are cases that either uniformly distributed or have a large dominating mode. Unfortunately, as a statistical test, Hartigan's method is too powerful. At the 1% significance level, unimodality is rejected in 36 out of 37 supermarkets.
The test rejects the null hypothesis even for distributions with only minor departures from unimodality,and unfortunately, there is no way to reduce its power with large samples.
[ Table 3 about here] Next, we consider Silverman's bandwidth test. The results are shown in columns 3 to 5 of Table 3 . The critical bandwidth values, which measure the degree of "smoothing" needed to obtain a single-mode kernel estimate, are also consistent with a simple graphical analysis. Some of the lowest critical values are, once again, in AUSTRALIA-4, UK-1, UK-2, UK-3 and COLOMBIA-1. However, although slightly more conservative, Silverman's test still rejects the null of unimodality in 33 out of 37 supermarkets. The rejection level is high even when we consider the null hypothesis of 2 or less modes. In fact, in 22 supermarkets we find evidence supporting more than 2 modes. The test appears to be too sensitive to tiny bumps in the distribution. This is especially true in those retailers with the largest number of observations, such as URUGUAY-1, CHINA-2, CHILE-1, RUSSIA-1, IRELAND-1, US-1 and NEWZEALAND-1, where we reject both unimodality and bimodality around zero. This is a major limitation for our purposes. The test detects small bumps caused by the aggregation across categories or types of products, which are are not relevant for our main objective. We are looking for modes that are sufficiently large and can provide insights into the importance of menu costs and other pricing behaviors.
Finally, the estimates for the PM test centered at 0% are presented in Table 4 . Column 3 shows the PM score point estimate, columns 4 and 5 show the mean and the standard deviation in 500 bootstrapped samples, and column 6 shows the share of bootstrapped estimates that have a positive PM score (bimodality).
[ Table 4 about here]
As expected, the PM test is far more conservative. We fail to reject unimodality in 13 supermarkets, or 1/3 of the total. This test does a better job at ignoring small bumps in the distribution, because it spreads their additional mass in relatively wide intervals used to calculate the proportional mass ratios. Still, even though we have been stacking the odds to find unimodality, the PM test continues to rejects the null hypothesis in 24 supermarkets, or 2/3 of the total. The evidence against unimodality at zero percent is simply overwhelming.
Comparing the PM results to Silverman's test, and the graphical distribution in Figures 2 to 2, we can see why the PM score is a better measure for your purposes. For example, the largest PM scores belong to URUGUAY-1, UK-2, UK-1, and US-1, which are all identified as unimodal. By contrast, Silverman's test implied that they where all bimodal or multimodal.
URUGUAY-1 has nearly all its mass within -1 and 1. Silverman's test rejected unimodality because the lack of mass at zero percent has a great impact on the smoothed kernel for this tiny range of values. UK-2, UK-1, and US-1 clearly have one big mode, but lots of tiny modes that cause Silverman's test to reject unimodality.
The PM score computed at quarterly intervals show little variation over time, as seen in In Table 5 . The negative scores (bimodality) are common thought the table for most retailers.
[ Table 5 about here] Overall, our three statistical tests strongly reject the hypothesis of unimodality around zero percent. We have shown results within the interval of -5% to 5%, but these findings are robust to extensions with distributions at the +/-10% and +/-50% intervals. In fact, the wider the range of the distribution, the lower the evidence of unimodality around zero percent.
Unimodality away from 0%
There may be no unimodality around zero percent, but the size distributions can still have large modes away from zero. This can be explored using the PM test centered on the mode (i.e. the highest "mode" in the distribution), rather than zero. Positive PM scores in this case would indicate the presence of modes that are large enough to dominate the mass of price changes within a +/-5% interval. These modes could reflect the outcome of an inflationary (or deflationary) macroeconomic context.
In Table 6 , we center the PM test around the highest mode in each supermarket, which is negative in 13 and positive in 21 supermarkets. With this new test, 34 out of 37 supermarkets have a positive PM score, which is consistent with the existence of a major mode away from zero percent. The share of bootstrapped samples with negative PM scores, shown in the last column, confirms that there is little evidence of bimodality away from zero.
[ Table 6 about here] The PM scores away from zero can be use to explore the changes in modality with different levels of inflation. Indeed, changes in the pattern of modality can have important implications for some theoretical models. For example, standard state-dependent models would predict that an economy that moves gradually from a peak of inflation to a peak of deflation will have a distribution that looks initially unimodal with a positive mode, then bimodal at zero, and finally unimodal with a negative mode. Table ? ? shows the estimates of the PM test centered around the largest mode for each quarter. We find that the distributions became less unimodal (away from zero) in late 2008 and early 2009. The last row in Table 7 shows that the share of retailers with evidence of bimodality starts to rise in the fourth quarter of 2008 and peaks in the second quarter of 2009. This is a time when recession was affecting many of these countries. Although the shift in modality is not as stylized as standard models predict, they suggest that modality and inflation are closely linked over time.
[ Table 7 about here]
Reconciling differences with the Literature
Our main finding, the lack of unimodality of price changes around zero percent, is at odds with the existing literature that uses Scanner and CPI data. In this section, we consider possible explanations for these differences by replicating some of the sampling methodologies in these two types of data.
Differences with Scanner Data
Scanner datasets have two important differences with our data. First, prices are constructed as "unit values", with the ratio of total sales over total quantity sold for each product. Because consumers can sometimes purchase products with or without coupons, with or without loyalty cards, or even at different prices within the same day, this unit value will change in small percentages with the randomness in consumer demand. Second, scanner data are reported on a weekly basis, so there is also an averaging that takes place along the week. The effect of this averaging is discussed by Campbell and Eden (2005) . Their focus was not on the size of changes, but they described some complications caused by weekly averages using a simple example. Consider a three week period with a single price change on the middle of the second week. If average weekly prices are used, each week would have a different price and two -smaller-price changes would be observed.
Although we do not have information on the use of loyalty cards and coupons, we can replicate the weekly averaging in our data and see how it affects our results. We do so by first computing the weekly average price per individual product, and then re-calculating price changes only when consecutive weekly prices are available.
Our results in Table 8 show that the evidence of unimodality increases dramatically with weekly averaged prices. This table compares the effect of weekly averaging on the three measures of modality embedded in our tests: the dip statistic, the critical bandwidth and the PM score (centered at 0%). A drop in Hartigan's dip means that, on average, the distribution is now closer to being unimodal. A drop in Silverman's critical bandwidth means that less smoothing is needed to obtain an unimodal kernel estimate. An increase in PM scores means that the distribution becomes unimodal around zero. In all three cases, the evidence for unimodality increases dramatically with weekly prices. Furthermore, the PM test centered at zero also fails to reject unimodality in 32 out of 37 supermarkets.
[ Table 8 about here]
Differences with CPI Data
Reconciling our results with CPI studies is harder because the differences in the data go far beyond simple sampling methodologies. Nevertheless, the monthly sampling of prices could lead to artificially small price changes when there frequent temporary shocks lasting less than a month. For example, if a price were to fall from $10 to $9, and then move back to $10.1 within a few days, monthly sampling would detect a +1% price change instead of two changes of -10% and +12%. Cavallo (2010) showed that these type of temporary changes can occur frequently in supermarket data, and it can be particularly relevant in low-inflation settings like the US, where most of the literature's CPI findings come from.
20
To approximate the CPI sampling methods, we randomly picked one day of the month for each individual product and recorded the price. If we chose a day where no price information is available, the price is missing for that month. Next, we re-calculated price changes only when consecutive monthly price observations were available.
In contrast to weekly averages, monthly sampling of the data has no effect on the degree of unimodality. The average dip statistic, critical bandwidth and PM score in Table 8 are similar with daily and monthly data (even though the number of observations drops significantly once monthly data is used).
An alternative explanation for our differences with the CPI literature it related to individual price corrections in the US CPI series. The BLS makes several adjustments in individual prices that can potentially affect the distribution of the size of changes. First, changes in a price spell can be cause by forced item substitutions that occur when an item is no longer available. In these cases, the BLS estimates a price change using hedonic quality adjustments or the average price change for that category of products. Second, even when no product substitutions occur, the BLS sometimes imputes prices that are considered temporarily missing.
Seasonal products -including Fresh Food-are the typical case when this happens. Third, individual prices can also be adjusted for coupons, rebates, loyalty cards, bonus merchandize, and quantity discounts, depending on the share of sales volume that had these discounts during the collection period. Fourth, some food items that are sold on a unit basis -like applesare sometimes weighted in pairs to calculate an average-weight price. These and other price adjustments are described in the BLS Handbook of Methods.
21 Unfortunately, we do not know how frequent these changes are in practice, or whether they can explain most of the small price adjustments previously found by the literature. Without access to the US CPI data, we must leave this important questions for future research.
Simulation of a model with both state and timedependent pricing
In this section we simulate a model that exhibits menu cost and observation/information costs to evaluate the strength and properties of the PM test, and to be able to make an assessment of the relative importances of the two possible costs. We use the model by Alvarez, Lippi, and Paciello (2010) . They assume a firm solving a pricing problem, with quadratic cost function, exhibiting fixed cost to change prices, and a fixed cost to observe previous realizations. This is a stylized model that has relatively simple solutions. The fixed cost for changing prices is the standard menu cost, while the observation cost has been shown by Reis, 22 generates an optimal strategy that resembles the Calvo (1983) model. The advantage of Alvarez, Lippi, and Paciello (2010) is that encompasses both types of costs, and also that deals with the problem of inflation.
We simulate the model using the following parameters:...For each of the simulations, we compute the distribution of price changes and estimate the PM score. Figures 5 and A1 show the results from the simulation. Figure 5 computes the PM test when the 0 to 5 percent window is used. 23 There are two panels in this figure. The top panel shows the surface for several choices of menu cost and observation cost. The bottom panel is an iso-PM score figure -the combination of menu and observation costs that produce the same PM score within the range we studied.
Several features are worth highlighting. First, an increase in the menu cost reduces the PM score unambiguously. Second, an increase in the observation cost increases the PM score also unambiguously. Both of these implications should be expected. When the menu costs are increasing the range of inaction for the firm increases, reducing its mass around zero, and making the distribution more bimodal. On the other hand, increasing the observation costs imply a behavior closer to the standard Calvo model, and therefore the distribution of price changes should inherit the properties of the distribution of the underlying fundamental -which is unimodal and normally distributed.
[ Figure 5 about here]
The PM score can be used in the type of models to get a sense of the magnitude and relative importance of the observation and adjustment costs. For example, if the PM score when using the 0-5 percent windows lies between -0.5 and -0.6, then the figure tells us the possible ratios between the menu and information cost that are consistent with that score. In this case, the menu cost would have to be relatively small -from 0.006 to 0.01 -while the observation costs are 3 to 5 times larger -0.015 to 0.05-. This is consistent with the estimates in Alvarez, Lippi, and Paciello (2010)'s own calibrations. Menu costs, in particular, are also close to the the estimate of 0.7% of revenue obtained by Levy, Bergen, Dutta, and Venable (1997) , who looked at direct evidence of menu costs in a large US supermarket chain in the 90s.
Conclusions
The shape of the distribution of the size of prices changes is an important implication of the different theories behind price stickiness. One of the key characteristics of this shape is the number of modes around -and away-zero percent. We formally tested for this modality in a large set of supermarkets, spanning 23 countries and 5 continents, using the two bestknown tests in the statistical literature -Hartigan's Dip and Silverman's Bandwith-and a test designed in this paper -the Proportional Mass test-. Three important results are uncovered.
23 See the Appendix Figure A1 for a wider window of 0 to 20 percent in PM Scores First, when the traditional tests are used, the unimodality around zero is rejected in about 90 percent of the establishments. When we used the Proportional Mass test, which is much more conservative than the first two, we reject unimodality in two thirds of the supermarkets. Second, if we center the test on the largest mode (as opposed to zero) we have fewer rejections of unimodality. Finally, the rejection of unimodality changes through time and with different levels of inflation. In countries where there is large inflation the distribution tends to be unimodal around a high inflation mode. In those countries where the inflation rate drops (as it happened almost everywhere during the recent financial recession) bimodality starts to re-appear.
Although our results suggest an important role for adjustment costs in price-setting decisions, they are not conclusive evidence in favor of any standard theory of price stickiness. The distributions we observe with the data are, in fact, consistent with those predicted by models that combine elements of both time and state-dependent pricing, as in Alvarez, Lippi, and Paciello (2010) . We have shown that the PM score can be used to explore issues like these in one particular model, but how important observations costs are relative to adjustment costs is still an open question whose answer is specific to the model being used.
Further research is needed to understand how different theories can explain cross-country and cross-retailer differences in modality results, and how they change through time and across product categories. We believe the Proportional Mass test will be a useful tool for this type of research. Finally, future work should also address the link between the distribution's symmetry and the inflation rate, as well as determine the optimal bandwidth of the PM test. Figure A2 : Histogram of Changes -Range -50% to 50%
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